The satellite-observed nighttime light emission (NTLE) data provide a new method for scrutinizing the footprint of human settlements. Changing NTLEs can be attributed to the direct/ indirect influences of highly complex factors that are beyond the ability of simple statistical models to distinguish. Besides, the relatively coarse resolution of the NTLE products combined with light from human settlements may produce misleading results, as the relationship between spatiotemporal heterogeneity in the growth of developed land (e.g., urban and rural residences, shopping centers, industrial parks, mining plants, and transportation facilities) and the associated NTLEs has not been adequately analyzed. In this study, we developed a total nighttime brightness index (TotalNTBI) to measure the NTLEs with the defense meteorological satellite program/operational linescan system (DMSP/OLS) nighttime light data enhanced by sharpening the edges of the pixels. Thirty-six key cities in China were selected to investigate the relationship between the total developed land area and the associated TotalNTBI from 2000 to 2013 using panel regression and a simplified structural equation model (SEM). The results show that the overall trend in TotalNTBI agreed well with that of the total developed land area (mean adjusted R 2 = 0.799). The panel regression models explained approximately 71.8% of the variance of total developed land area and 92.4% of the variance in TotalNTBI. The SEM revealed both the direct and indirect influences of independent variables on the total developed land area and the associated TotalNTBI. This study may provide useful information for decision-makers and researchers engaged in sustainable land development, urban management, and regional developmental inequality, focusing on recent issues, such as retrospective analysis of human footprint with sharpened nighttime NTLE products, the loss of natural and semi-natural land due to the sprawling developed land area indicated by intensively lit area, and the low efficiency of land development indicated by the anomalies of developed land area and associated NTBIs.
Introduction
Since the industrial revolution, ongoing population migration from rural regions to urban areas has dominated socioeconomic transition worldwide. Approximately 55% of people live in cities, and this proportion is expected to increase to 68% in 2050 [1] . Therefore, studies on the growth patterns and underlying driving factors of human settlements should be placed into the broader context of Figure 1 shows the location of the 36 cities in China. According to China's current administrative ranking system of cities, these cities were classified into three prefecture ranks in descending importance from municipalities directly under the central government to provincial cities and sub-provincial cities (Table 1 ). In terms of geographic zoning, these cities are the largest and most representative urban agglomerations in their corresponding geographical zones, varying in natural conditions, socioeconomic complexity, and developmental inequality. At the end of 2013, these cities accommodated 299.39 million people and produced 23.72 trillion RMB Yuan GDP, accounting for 21.99% of the total population and 39.85% of the total GDP [31] , respectively. 
Study Area

Materials and Methods
Datasets
In this study, socioeconomic, China national LULC, and DMSP/OLS nighttime with stable lights (Version 4) data, and the standardized digital boundary layer, were used. Selection of socioeconomic data was a challenge given the missing values among these key cities across the study period. Considering the availability, representativeness, and comparability of the socioeconomic data among the key cities, we selected six essential socioeconomic variables from 2000 to 2013, which were extracted from China's statistical yearbook [31] .
The 250 m national LULC data for 2000, 2005, 2008, 2010, and 2013 , produced based on the land classification of Landsat Thematic Mapper (TM), the Enhanced Thematic Mapper plus (ETM+), and the Operational Land Imager (OLI) imagery and validated with a field survey, were provided by Beijing Digital View Technology Co., Ltd. (Beijing, China). The 1:4,000,000 standardized digital boundaries of China's provinces and cities were acquired from China National Geomatics Center. Due to its relatively short time span and the lack of annually corrected product, the VIIRS nighttime data were not used. Instead, 1-km-resolution DMSP/OLS nighttime data (https://ngdc.noaa.gov/eog/index.html) with stable lights (Version 4) from 2000 to 2013 were used.
Methods
Data Preprocessing
The data preprocessing procedures included the transformation of the geographic coordinate system (GCS) and universal transverse Mercator (UTM) projection, georeferencing, resampling, and clipping. Firstly, all data were transformed into Beijing 1954 GCS with the UTM project (WGS 1984, 43-53N), given the popularity of the UTM system and the possibility of international comparison. Secondly, for each of the 36 largest cities, a large extent covering each urban cluster (including the largest city and its surrounding cities) was clipped. The UTM conversion for each urban cluster was performed according to their specific UTM zone coding, by using the second-order polynomial method, both the DMSP/OLS and LULC data in each year were georeferenced by matching with 100 ground control points (GCPs), which were selected from the 1:4,000,000 standardized digital boundaries of China. The acceptable root mean square error (RMSE) was within one pixel. Thirdly, all georeferenced layers were resampled to 250 m resolution and used for sharpening the edges of DMSP/OLS data via visual refinement. Finally, the georeferenced layers were clipped with the standardized digital boundaries of the 36 cities for detailed analysis.
Generation of Enhanced DMSP/OLS Data
Although the detectable signal noise from wild fires, gas flares, and fishing boats were removed, DMSP/OLS nighttime data with stable lights cannot be directly used to characterize the extent of human settlements due to the over-saturation of the city core and inter-annual variation of onboard sensors [32, 33] . In this study, steps to enhance the DMSP/OLS data included reducing inter-annual variation, sharpening edges, and validating the results. Examining the DMSP/OLS data series revealed an overall increasing trend in the brightness (digital number/DN value) of the developed land area across the study period. In Step 1, the brightest F182013 scene was used as the baseline for reducing inter-annual variation in the DMSP/OLS datasets, whose DN values in other years were calibrated using the polynomial model [34] .
Step 2 included edge sharpening of the scene. We assumed that areas with stable, artificial light at nighttime exist in human settlements. The 250 m LULC data and the calibrated DMSP/OLS data were overlaid with a binary layer of background pixels and developed land, which was changed from natural or semi-natural lands for permanent development of urban and rural settlements. With a value of 0, background pixels represented semi-natural and natural land cover. Referencing China's national standard of land use classification [35] , the developed land, including its three sub-categories, namely urban developed land (e.g., urban residences, shopping centers, schools, and ring roads), rural developed land (e.g., rural residences, countryside roads, dams and dikes), and other developed land (e.g., industrial parks, mining plants, military bases, warehouse, airports, and harbor facilities), was valued as 1. Edge sharpening of the DMSP/OLS data was achieved using Equation (1). DN* = DN × Layer_Target (1) where DN* is the corrected DN value of DMSP/OLS data, DN is the initial DN value of DMSP/OLS data, and Layer_Target is a binary layer (0 for background pixels, and 1 for human settlements).
Step 3 included the validation of enhanced DMSP/OLS data. In this step, for each city, the enhanced DMSP/OLS data were overlapped with the Landsat TM/ETM+/8 images and historical Google Earth images. A series of pixels along the invariant urban-rural gradient was sampled to check for unstable changes across the study period, especially the potential loss or exaggeration of brightness in urban centers and intensive rural settlements. Several specific regression models (Table S1 ) were employed to adjust the threshold of the lit area in the enhanced DMSP/OLS data. Finally, to maintain the data consistency between the raw and enhanced DMSP/OLS data, the DNs of enhanced DMSP/OLS data were rescaled to the interval of 0-63 [36] . Raw and enhanced DMSP/OLS data is shown in Figure 2 .
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Measurement of NTLE
Within each city's domain, NTLE was measured with the TotalNTBI, which is the sum of three sub-level NTBIs associated with the areas of urban developed land (UrbanNTBI), rural developed land (RuralNTBI), and other developed land (OtherNTBI). The formulas for calculating these indices, respectively, are as follows:
where P i , P j , and P k are the per pixel-based unitless DN values associated with urban developed land, rural developed land, and other developed land, respectively; N i , N j , and N k are pixel counts of P i , P j , and P k , respectively. Therefore, for a given city, the TotalNTBI and its three sub-level NTBIs were characterized with the cumulative unitless DN values (CUDVs) of clustered pixels associated with the spatial extents of total developed land and its three sub-categories ( Figure S2 ).
Statistical Analysis
To quantitatively examine the overall relationship between the total developed land area and the associated TotalNTBI, we applied panel regression models considering both the random and fixed effects. With developed land area as the dependent variable, the model is: (6) where Developed denotes the total area of developed land, α is a constant, β 1 -β 6 are coefficients of the independent variables described in Table 2 , i is the city, t is the year, and U i,t is the individual-specific, time-invariant effects plus a time-varying random component. Table 2 . Description of socioeconomic variables [31] .
Variable Description
GDP
Gross domestic production of the city (unit: trillion RMB Yuan) POP Population size of the city (unit: million person) Secondary
The share of secondary industry in GDP Tertiary
The share of tertiary industry in GDP Mileage Mileage of paved roads (unit: kilometer) Freight
The total volume of freight transport, including wheel transport, shipment, and airlift (unit: ton)
Similarly, with TotalNTBI as the dependent variable, the model is:
where ln(TotalNTBI) is the natural logarithm of TotalNTBI, and β 7 is the coefficient of the total developed land area. The Hausman Test was performed to find any inconsistency between the random and fixed effects [37] .
A structural equation model (SEM), which highlights the relative sensitivity of the total developed land area and the associated TotalNTBI in response to changing percentage of the socioeconomic variables, was used to examine the abovementioned relationships. Numerous possible paths, including both simple and complicated conceptual models that considered both one-way and two-way relationships between the dependent and independent variables, were tested and compared. Simpler models may clearly exhibit linkages with the risk of ignoring potentially vital effects, whereas complicated models may better capture all possible relationships with confusing results. Given this trade-off, alternative linkages with logical soundness for better interpreting the relationships between the dependent and independent variables were refined, by introducing or deleting the possible direct/indirect linkages between the variables, which were verified with relatively high correlation coefficients. Finally, a simplified but more straightforward SEM, which was more interpretable and captured the essence of the abovementioned relationships, was employed to quantify the changes in socioeconomic variables and their influence on the regional developed land area and the associated TotalNTBI.
In this study, the statistical processes were performed with the basic functions of R 3.5.1 and the key libraries, such as the plm, dplyr, sem, and pathDiagram. Figure 3a) . However, the increase in total developed land exhibited considerable spatial variability. Annual growth rates of 16 cities were higher than the annual mean growth rate, ranging from 40.87 km 2 /year in Wuhan (total developed land increased 0.81-fold) to 134.78 km 2 /year in Beijing (total developed land increased 0.76-fold). Annual growth rates of the remaining cities ranged from 0.67 km 2 /year in Lhasa (total developed land increased 0.16-fold) to 36.55 km 2 /year in Urumqi (total developed land increased 1.46-fold). Figure 3b -d demonstrate the differences in the growth patterns of the three sub-categories of developed land. Urban developed land showed a fast-growing pattern in the leading cities of Northern China (e.g., Beijing, Tianjin, and Shijiazhuang), Eastern China (e.g., Shanghai, Nanjing, Jinan, and Qingdao), Southern China (e.g., Guangzhou and Shenzhen), Central China (e.g., Zhengzhou), and Southwestern China (Chengdu and Chongqing). An overall moderate growth pattern was observed in other cities in Eastern China (e.g., Hangzhou, Ningbo, and Hefei), Northeastern China (e.g., Changchun, Dalian, and Shenyang), Central China (e.g., Changsha and Wuhan), and Northwestern China (e.g., Urumqi and Xi'an). In contrast, urban developed land exhibited an overall slower growth pattern in some cities in less developed provinces (e.g., Taiyuan, Hohhot, Nanchang, Nanning, Haikou, Lhasa, Guiyang, Kunming, Taiyuan, and Xining). However, two coastal cities, Fuzhou and Xiamen with prosperous economies, also exhibited a lower growth pattern due to terrain constraining urban expansion. Figure 3c shows the overall growth pattern of rural developed land, similar to Figure 3a , regardless of their geographical regions and socioeconomic development level. The exceptions were 11 cities, among which Changchun and Guangzhou exhibited the overall decreasing trend in the rural developed land, while Xiamen, Nanchang, Changsha, Wuhan, Shenzhen, Nanning, Haikou, Guiyang, and Lhasa exhibited unchanging rural developed land. Figure 3d showed the power or exponential increase in the other developed land in the traditional industrial cities such as Tianjin, Dalian, Shanghai, Wuhan, Changsha, Guangzhou, Chongqing, and Urumqi. The growth pattern of the other developed land in Beijing, Nanjing, and Qingdao exhibited an initially increasing but subsequently decreasing trend. In contrast, the growth pattern of the other developed land in Hohhot, Lhasa, and Xining generally exhibited a low expansion in areal extent with slight variation. Figure 3c shows the overall growth pattern of rural developed land, similar to Figure 3a , regardless of their geographical regions and socioeconomic development level. The exceptions were 11 cities, among which Changchun and Guangzhou exhibited the overall decreasing trend in the rural developed land, while Xiamen, Nanchang, Changsha, Wuhan, Shenzhen, Nanning, Haikou, Guiyang, and Lhasa exhibited unchanging rural developed land. Figure 3d showed the power or exponential increase in the other developed land in the traditional industrial cities such as Tianjin, Dalian, Shanghai, Wuhan, Changsha, Guangzhou, Chongqing, and Urumqi. The growth pattern of the other developed land in Beijing, Nanjing, and Qingdao exhibited an initially increasing but Hangzhou, Ningbo, Chengdu, Guangzhou, and Shenzhen, exhibited much higher TotalNTBI. Cities in less-developed provinces exhibited lower TotalNTBI. However, Shenyang, Dalian, Harbin, Changchun, and Hefei did not exhibit higher TotalNTBI in proportion to their larger amount of total developed land. Figure 4b ,d show that trends in UrbanNTBI and OtherNTBI were in good agreement with those of urban developed land and other developed land shown in Figure 3b ,d, respectively, since urban developed land and other developed land were the dominant contributors to TotalNTBI. However, the relationship between rural developed land area and RuralNTBI was relatively weak. For example, in Shenyang, Dalian, Harbin, Changchun, and Hefei, although their rural developed land area was much larger than urban developed land area, their RuralNTBI values were much lower than UrbanNTBI. These trends were evidenced by the dynamics of lit area in response to the growth of developed land of representative cities (Figures 5 and 6 ). The inconsistency between the total developed land area and the associated TotalNTBI could partly be explained by the biased RuralNTBI. Figure 7 demonstrates the significant variation in inter-city TotalNTBI in response to changes in the total developed land area. Most of the scatter points followed the pattern whereby the greater the total developed land area, the higher the associated TotalNTBI. As can be seen, Beijing, Tianjin, and Shanghai were the top megacities, whose total developed land area and associated TotalNTBI surpassed that of the other cities. The scatter points falling within the middle section of the curves showed a close relationship between the total developed land area and the associated TotalNTBI in 18 typical megacities, including Shijiazhuang, Zhengzhou, Xi'an, Jinan, Qingdao, Chengdu, Guangzhou, Shenzhen, Nanjing, Hangzhou, and Ningbo. However, for Naning and Hohhot, there was an apparent mismatch between total developed land area and the associated TotalNTBI, though their total developed land area was greater than that of Hangzhou, Shenzhen, and Wuhan, but with a much lower TotalNTBI. As shown in Figures 2 and 4 , the dominant share of rural development land in the total developed land with a lower RuralNTBI partly explains the mismatched relationship in these two cities. Additionally, cities belonging to the left bottom section of the curve with a steeper slope were located in the less-developed Northwestern and Southwestern China. Their change in total developed land area was in good agreement with TotalNTBI. Table 3 exhibits the result of panel regression for the fix effects estimator. The result of the Hausman test (x 2 = 34.079, df = 6, p < 0.05) indicates a significant difference between the random and fixed effects specifications. Thus, the fixed effects estimator was adopted. The regression interpreted that approximately 71.8% of the variance of total developed land area is related to the six socioeconomic variables. POP exhibited the highest coefficient, followed by GDP and Secondary, while Tertiary was marginally significant. However, the coefficients for Mileage and Freight were both insignificant. Figure 8 shows that, except for several leading cities such as Beijing, Tianjin, Shanghai, Nanjing, and Guangzhou, the cities exhibited considerable inconsistency among the independent variables. For instance, Lhasa, Hohhot, and Haikou showed reasonably higher Tertiary but with relatively lower levels of GDP, POP, Mileage, and Freight. Another example is Chongqing, which showed relatively higher POP, Secondary, Mileage, and Freight but lower GDP and Tertiary. Even in the well-developed port cities, such as Ningbo and Qingdao, inconsistency existed among Mileage, Freight, POP, and Secondary. The remarkable inconsistencies between the independent variables reduced the interpretation power of Tertiary, Mileage, and Freight. Table 4 exhibits the result of panel regression for the random effects estimator, verified by the result of the Hausman test (TotalNTBI, χ 2 = 11.833, df = 7, p = 0.106). The adopted regression interpreted approximately 92.4% of the variance of TotalNTBI as being in response to the changing independent variables. Judged by the coefficients, total developed land area appears to be the most important driver, followed in decreasing order by GDP, POP, Secondary, and Tertiary. Similar to what is shown in Table 3 , Mileage and Freight were insignificant. The standardized values of the inter-city socioeconomic variables in Figure 6 also help interpret the statistical insignificance of these two variables. Further, Figure 9 , in a broader sense, highlights the complicated direct and indirect effects of the independent variables and their influences on the TotalNTBI. Table 5 summarizes the coefficients of SEM, all of which were statistically significant at the 5% level. When examining the independent variables' influence on the developed land, GDP has the strongest positive coefficient of direct influence offset by the strongest negative coefficient of indirect influence, yielding a total coefficient with a positive value. POP has a relatively modest positive coefficient of direct influence, reinforced by the relatively stronger positive coefficient of indirect influence. Secondary has the stronger Further, Figure 9 , in a broader sense, highlights the complicated direct and indirect effects of the independent variables and their influences on the TotalNTBI. Table 5 summarizes the coefficients of SEM, all of which were statistically significant at the 5% level. When examining the independent variables' influence on the developed land, GDP has the strongest positive coefficient of direct influence offset by the strongest negative coefficient of indirect influence, yielding a total coefficient with a positive value. POP has a relatively modest positive coefficient of direct influence, reinforced by the relatively stronger positive coefficient of indirect influence. Secondary has the stronger positive coefficient of direct influence offset by the relatively modest negative coefficient of indirect influence. The other three independent variables mainly have stronger negative coefficients of direct influence and fairly modest coefficients of indirect influence. They yield relatively stronger total coefficients with a negative value, which can partly be attributed to the unbalanced development level among these key cities. When examining the independent variables' influence on TotalNTBI, GDP has the second-strongest positive coefficient of direct influence, reinforced by the strongest positive coefficient of indirect influence, yielding a total coefficient with the highest positive value. Total developed land has the strongest positive coefficient of direct influence but generates the second-highest total coefficient, followed by the total positive coefficients of Tertiary, POP, Secondary, and Mileage. Freight has a relatively stronger negative coefficient of direct influence, reinforced by a relatively modest negative coefficient direct influence. Freight has a relatively stronger total coefficient with a negative value. Overall, the SEM results were generally consistent with those in Tables 3 and 4 .
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Discussion
Uncertainty in Enhanced DMSP/OLS Due to Data Sources and Methods
The application of corrected DMSP/OLS nighttime data with stable lights has been welldocumented . Publicly accessible corrected DMSP/OLS nighttime data are also available [38, 39] . We found that the corrected DMSP/OLS data adopted in the existing literature is too coarse to capture the features of developed land and associated nighttime brightness indices. As the provided DMSP/OLS nighttime data used for this study were unitless, the absolute correction of the data was impossible. Alternatively, the enhanced DMSP/OLS data provided relatively accurate information on artificial light emissions by decreasing the bias due to the brightness of rural areas and background landscapes. We partly enhanced the visual quality of DMSP/OLS data by sharpening the edges of the pixels given the limitation of the spatial resolution of land cover products and the consequent error in the misclassification of land cover categories. To some extent, our methods may also cause loss or exaggeration of brightness in urban centers and intensive rural settlements. Another problem is the corrected DMSP/OLS nighttime data is not comparable across different regions due to varying physical environment and socioeconomic conditions [40] . This problem undoubtedly complicates the difficulty in correcting such data. Therefore, for different regions, to recognize the extent of the lit area and validate the results requires a careful setting of NTBI thresholds [41] associated with three sub-categories of developed land area and socioeconomic conditions.
Relationship Between Developed Land Area and Associated NTLEs
Human activities, especially the intensity and magnitude of economic activities occurring on multi-scales, determine the spatiotemporal pattern and areal extent of developed land. Usually, the spatiotemporal pattern of a lit area characterized by NTLEs agrees with that of developed land. Our results are consistent with some case studies [41] [42] [43] [44] [45] [46] [47] . One of the significant shortcomings of previous studies is ignorance of the linkage between the three sub-categories of developed land area and associated NTBIs. For a specific region, changes in the growth patterns of the three sub-categories of developed land area and associated NTBIs revealed the intra-city consistency or inconsistency between human activities and related socioeconomic and environmental impacts. These changes in growth patterns imply variation in infrastructure service, urban-rural disparity, and intensity of human activities, which are usually characterized by sparse or dense human settlements and facilities. Such intra-city consistency/inconsistency can help interpret the causes of inter-city differentiation in total developed land and associated TotalNTBIs. The panel regression allowed us to quantitatively examine the partial effects of selected factors on the variance in the inter-city total developed land and the associated TotalNTBI. The simplified SEM revealed the complicated direct/indirect paths linking the driving factors and the dependent variables. Compared with previous publications, our findings can provide a different viewpoint on the relationship between the total developed land area and the associated TotalNTBI. However, our present knowledge of the mechanism underlying this relationship is somewhat limited, given the sophisticated linkages between various stakeholders. In this study, 36 Chinese cities were ranked in the present administrative system. The city boundaries vary widely according to the complicated socioeconomic and political conditions. The tightly or loosely organized central cities and surrounding junior cities and rural regions inevitably affect the variation in human activities and therefore determine the cause-effect relationship between the total developed land area and the associated TotalNTBI. For example, as shown in Figure 7 , among China's four municipalities directly under the central government, Chongqing showed an outlier in the cause-effect curve, due to its spatially loose relationship between several urban clusters and vast rural regions. In this case, the inconsistency between relatively higher variables (POP, Secondary, Mileage, and Freight) and lower variables (GDP and Tertiary) in Chongqing are mainly attributed to the political arrangement rather than identifying functional geographic cities. Thus, analyses on how the driving factors influence the cause-effect relationship need decision-makers and researchers to collaborate in fields ranging from economy, geography, sociology, governance, urban planning, and land development.
Implications
In this study, we presented the overall increasing trends in both the developed land area and the associated NTBIs of China's 36 key cities, visually reflecting the urbanization process and developmental inequality between different regions [43] . Benefiting from their role in national prefecture ranks, most of these key cities are the preferred destination for intra-and inter-provincial migrators, and international investors, therefore dominating the overall patterns of population agglomeration and capital flow within the national prefecture framework [48] . There were considerable variations in the growth patterns of the developed land area and the associated NTBIs among these cities. Aside from physiographic conditions, these variations can be largely explained by the spatiotemporal heterogeneity in human agglomeration and land development intensity driven by developmental inequality.
Notably, the huge gap in economic development between the coastal and inland provinces caused large-scale migration from the less-developed western, southwestern, and middle regions to the well-developed north plain and coastal regions. The main cities, such as Beijing, Tianjin, Shanghai, Nanjing, Hangzhou, Ningbo, Guangzhou, and Shenzhen, which are the international or domestic leading cities that are highly competitive, have attracted enormous amounts of investment for developing the infrastructure to enhance urban capacity, house the increasing population, accelerate industrial restructuring, and reduce rural-urban disparity. To increase land supply and meet the demand for land development, local authorities strongly supported the amalgamation of administrative boundaries via merging urban districts and neighboring counties, triggering large-scale LULC change from natural and semi-natural land to the sprawling developed land, subsequently increasing the intensively lit area.
In contrast to the abovementioned growing cities with increasing NTBIs, several anomalies of the developed land area and the associated NTBIs occurred in both less-and well-developed regions. The first anomaly was hollowing rural settlements, characterized by decreasing RuralNTBI in rural regions. This phenomenon occurred nationwide from less-developed western and southwestern regions to well-developed coastal provinces [49] . Amongst the complex factors that coincide with the formation of 'hollow villages', urbanization was the most important. A typical example occurring in the less-developed regions is the temporary abandonment of villages with seasonal or annual returning of inhabitants, who usually seek employment as migrant workers. An extreme event was the permanent abandonment of houses because the inhabitants who preferred urban lifestyle settled in cities [50] . Another example is the observed increasing rural developed land area with decreasing RuralNTBI in the well-developed regions. As shown in Figure 4c , the dimly lit rural developed land surrounding Guangzhou and Shenzhen may be attributed to the recent winter for manufacturing. The increase in the cost of power, raw materials, and land exacerbated the enterprise's profit margin. Consequently, the intensive decrease in investment and industrial relocation elsewhere triggered the large-scale movement of migrant workers to the other cities [51] [52] [53] [54] [55] [56] . The third anomaly is known as the 'ghost city', which is a unique phenomenon different from the previously known withering cities due to exhausted resources and the associated industrial decline. A ghost city usually refers to real estate built in rural areas that have since been deserted and are characterized by many vacant buildings and a dimly lit area over a considerable amount of time, i.e., several years. This phenomenon highlights the low efficiency of land development in terms of both economy and environment, considering that the creation of infrastructure outpaced the population size, subsequently causing a loss of arable land [22, 57] .
Thus, we argue that the development of China's fast-growing megacities with massively lit areas is not the right pattern for sustainable human settlements, nor are the hollowing rural settlements and ghost cities with dim illumination at nighttime, given the conflict between large population and land scarcity. In terms of economy and environment, practical methods of reducing developmental inequality among different regions include improving the efficiency of land development and optimizing the delivery of infrastructure services to urban and rural areas. Theoretically, the methods adopted for quantifying the relationship between the developed land area and the associated NTBIs can be applied to any region of interest for characterizing developmental inequality among different regions, by comparing the time series of the city-and region-specific socioeconomic level, the developed land area, and the associated NTBIs. The freely available satellite nighttime light imagery (e.g., the USA's DMSP/OLS and VIIRS, and China's Luojia-1), global land cover data (e.g., China's GLOBELAND30), and accessible census data (e.g., datasets released by UNDP and FAO) reinforce the practicability of our methods.
Conclusions
In this study, 36 cities were used as a case study to investigate the relationship between developed land area and NTLEs during China's rapid urbanization. We combined socioeconomic variables, LULC data, and enhanced DMSP/OLS nighttime light data with sharpened pixel edges. Our findings can be summarized as follows.
Firstly, total developed land increased by 64.53% from 28,948 km 2 in 2000 to 47,627 km 2 in 2013. However, the growth patterns varied considerably among the cities. Noticeable differences in the growth patterns of the three sub-categories of developed land (urban, rural, and other developed lands) were observed.
Secondly, in response to the growth in developed land, TotalNTBI increased by 146.29% from a CUDV of 1156.74 × 10 4 in 2000 to one of 2849.05 × 10 4 in 2013. The overall trend in TotalNTBI agreed with that of total developed land (mean adjusted R 2 = 0.799). Both areas of urban developed land and other developed land agreed with their associated sub-level NTBIs. However, a relatively weak relationship was found between the rural developed land area and the associated RuralNTBI. This finding may explain the mismatched relationship between the total developed land area and the associated TotalNTBI in some cities, whose rural developed land was larger than their urban developed land.
Thirdly, the panel regression model with a fixed effect estimator or a random effect estimator showed that socioeconomic variables interpret approximately 71.8% and 92.4% of the variance in total developed land and TotalNTBI, respectively. The SEM revealed both direct and indirect influences of socioeconomic variables on total developed land, and those of the combined effects of socioeconomic variables and total developed land area on TotalNTBI. Panel regression results were generally consistent with those of SEM, though the coefficients of some socioeconomic variables were puzzling probably due to the unbalanced development of these cities. Beyond estimating the polynomial regression relationship between the total developed land area and the associated TotalNTBI, panel regression models and SEM provide more insight into the relationship between the total developed land and the associated TotalNTBI.
Our findings helped to better understand the heterogeneous processes of growth patterns of developed land and the changing lit area characterized by the TotalNTBI and sub-level NTBIs. Thus, this study provided useful information for decision-makers and researchers engaged in sustainable land development, urban management, and regional developmental inequality.
